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Slant is a salient feature of Western handwriting and it is considered to be an important writer-specific
feature. In disguised handwriting however, slant is often modified. It was tested whether slant is indeed
an important factor and it was tested whether the distorting effect of deliberate slant change can be
countered by a simple shear transform. This was done in two off-line writer verification experiments
in image processing conditions of slant elimination and slant correction. The experiments were per-
formed using three features based on statistical pattern recognition, including the state-of-the-art fea-
tures Fraglets and Hinge. A new public dataset was created and used, containing natural and slanted
handwriting by 47 writers. A striking result is that the average natural slant value is much less important
for biometric systems than is usually assumed: eliminating slant yields just a 1–5% performance loss. A
second result is that the effects of deliberate slant change cannot be fully countered by a simple shear
transform: it raises performance on the distorted handwriting from 53–68% to 64–90%, but this is still
lower than normal operation on natural handwriting: 97–100%.

� 2010 Elsevier B.V. All rights reserved.
1. Introduction in a deliberately modified style, with the intention to avoid recog-
A salient property of Western handwriting is slant: the domi-
nant angle of near-straight downstrokes with respect to the hori-
zontal. Slant is caused by the choice of pen grip and the relative
contributions of wrist and finger movements. It has been modeled
as the effect of locally using a single actuator (muscle) in a two-
dimensional neuromuscular apparatus (Dooijes, 1986). Slant
seems to be a key feature for writer verification: it plays an impor-
tant role in biometric systems, as it is a major constituent of angu-
lar features (Bulacu and Schomaker, 2003; Crettez, 1995; Maarse,
1987). For example, the state-of-the-art Hinge feature (Bulacu
and Schomaker, 2007) is based on angular frequencies; it is influ-
enced by both curvature and slant. Furthermore, forensic docu-
ment examiners and paleographers use this feature as a
discriminatory characteristic (Burgers, 1995; Hardy and Fagel,
1995). These facts suggest that slant is a key feature for writer ver-
ification. However, it is not known to what extent slant contributes
as an isolated factor to the performance of biometric systems for
handwriting and its value may be overestimated.

In particular, slant is not a valuable feature in (possibly) dis-
guised handwriting. In such a case, the handwriting was produced
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nition of the writer’s identity. Disguised handwriting is often used
in threatening or stalking letters. In some cases, the mutilation of
shapes successfully disturbs handwriting examination by forensic
experts (Found and Rogers, 2005). Moreover, disguised handwrit-
ing cannot be handled by state-of-the-art systems for handwriting
biometrics (writer verification and identification): computational
features that are invariant to disguise do not exist. This is one of
the reasons why systems for handwriting biometrics are not fully
suitable for application in the forensic domain yet. Other unmet
requirements are explainability of the system, robustness for vari-
ation in background effects, and robustness for forgery. Those is-
sues have been addressed to some extent (Brink et al., 2007,
2008; Cha and Tappert, 2002; Franke and Köppen, 2000), but com-
putational robustness against disguise is a largely untouched prob-
lem area.

A strategy to handle disguise is by applying an image operation
to undo the effect of disguise, resulting in handwriting that is close
to natural. This seems possible for the most frequently used kind of
handwriting disguise: a change of slant. It is not surprising that
slant modification is the most frequently used kind of disguise
(Harris, 1953; Koppenhaver, 2007; Morris, 2000; Nickell, 2007),
since humans can easily modify the slant during writing, and the
effect on the visual appearance is dramatic (Koppenhaver, 2007).
Therefore, an important step in making biometric systems robust
for disguise is by correcting the slant. An obvious approach is to
perform the correction by transforming the image with the shear
operation, possibly resulting in the writer’s natural handwriting.
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The objective of this study is twofold. The first objective is to
determine how much information about the writer’s identity is
contained in the slant characteristic of natural handwriting. This
will be tested in the first experiment by eliminating the slant in
natural handwriting (slant elimination) and measuring to what ex-
tent the performance of automatic writer verification degrades.
This experiment contributes to the theoretical basis of computa-
tional writer features based on directionality, such as the Hinge
feature (Bulacu and Schomaker, 2007). The result will direct the
design of future features.

The second objective is to determine the effectiveness of the
shear transform in correcting handwriting disguised by slant
change, when used as a preprocessing step before applying fea-
tures such as Hinge (Bulacu and Schomaker, 2007) and Fraglets
(Schomaker et al., 2004). Hinge and Fraglets are state-of-the-art
features, based on statistical pattern recognition, which show
impressive performance in test conditions.

At the same time, the underlying question will be answered: to
what extent is a change of slant during human production of
handwriting functionally equivalent to a shear transform? Slant
change may result in more than just a shear effect, since it
requires a non-habitual movement of the finger-wrist system,
which may affect curvature. It has been suggested that there must
also be an effect on writing speed, pressure, connecting strokes,
style, construction, and size (Morris, 2000). Furthermore, dis-
guised handwriting is less consistent (Harris, 1953; Koppenhaver,
2007; Morris, 2000). In the second experiment, it will be quantita-
tively determined to what extent such other effects occur. This
will be done by shearing slanted text back to the supposed wri-
ter’s natural slant angle (slant correction), and determining the
performance of writer verification using state-of-the-art features.
This is a first step in designing new biometric systems that are
robust to disguise. To the best of our knowledge, no similar exper-
iment has been performed before.

The experiments will be performed on a newly created public
dataset: the TriGraph slant dataset, containing both natural and
slanted handwriting of 47 subjects. It is described into more detail
in the next section. In Sections 3 and 4, methods for slant estima-
tion and feature extraction are described; these are preliminaries
for the experiments. Experiment 1 will show that slant is not as
informative as is usually assumed; it is described in Section 5.
Experiment 2 will show that deliberate slant change is not equal
to a simple shear transform; it is described in Section 6. Section
7 summarizes the conclusions.
Fig. 1. Example page from the TriGraph slant dataset: page 3 of writer D001. It
contains text B, slanted to the left (BL).
2. TriGraph slant dataset

A new dataset was created, the TriGraph slant dataset: a unique
collection of clean, deliberately slanted handwriting in conjunction
with each writer’s natural handwriting. It consists of 188 scanned
images of handwritten pages, written by 47 untrained Dutch sub-
jects, aged 27 on average. This dataset is relatively small compared
to other datasets such as Firemaker (Schomaker and Vuurpijl,
2000) (251 writers), IAM (Marti and Bunke, 1999) (657) and Sriha-
ri’s dataset (Srihari et al., 2002) (1500). However, the dataset
proved to be large enough to analyze the effect of slant. It can be
obtained from http://www.unipen.org/trigraphslant.html. The
dataset can be used for both handwriting comparison experiments
and handwriting recognition experiments.

The dataset was assembled as follows. The subjects were pro-
vided two printed Dutch texts, text A and text B. Both texts con-
tained approximately 200 characters, including all lowercase
letters and many capitals; the distribution of the letters among
the two texts was similar. Each subject wrote four pages, such as
the one shown in Fig. 1, following these instructions:
1. [AN] Copy text A in your natural handwriting.
2. [BN] Copy text B in your natural handwriting.
3. [BL] Copy text B and slant your handwriting to the left as much

as possible.
4. [BR] Copy text B and slant your handwriting to the right as

much as possible.

See Fig. 2 for a close look at fragments of the four pages written
by one writer. The codes AN, BN, BL and BR refer to subsets into
which the collected pages of the writers were subdivided. AN rep-
resents a collection of authentic documents; BN, BL and BR can be
seen as collections of questioned documents. To avoid structural
effects of fatigue, the order of item 3 and 4 was randomized; half
of the subjects wrote the BR page before the BL page.
3. Slant estimation

Since Experiments 1 and 2 both require a reliable technique to
estimate slant, a limited comparison of techniques is included
here. A variety of slant estimation methods exists, based on dif-
ferent definitions of ‘slant’. For example, it has been defined as
the average direction of near-straight or long downstrokes
(Maarse and Thomassen, 1983), or ‘‘the angle between the verti-
cal direction and the direction of the strokes that, in an ideal
model of handwriting, are supposed to be vertical’’ (Vinciarelli
and Luettin, 2001). The methods can be roughly subdivided into
two general approaches which could be called the angle-frequency
approach (AF) and the repeated-shearing approach (RS). In AF,
which is most popular (Kavallieratou et al., 2001), downstrokes
are first located based on a criterion such as a minimal vertical
extent or velocity. Next, the angle of the local ink direction is
measured at those locations; the resulting angles are agglomer-
ated in a histogram. From this histogram, the slant angle is deter-
mined. This general algorithm is shown in Algorithm 1. Variations
include computing an edge-direction histogram and finding the
maximum or mode in it (Bulacu and Schomaker, 2003) or the
peak that is closest to 90� (Crettez, 1995). Another variation com-
putes the average angle in rectangular sub-areas containing verti-
cal structures (Bozinovic and Srihari, 1989).

http://www.unipen.org/trigraphslant.html
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Table 1
Slant angle in the first 24 pages determined using three methods: manual (Man),
angle frequencies (AF), and repeated shearing (RS). The manual measurements
represent averages of at least 10 measurements per page. RS yielded the lowest RMSE
(root of the mean of squared errors) with respect to the manually determined angle.

Page Man AF RS Page Man AF RS

D001-1-AN 99 96 97 D004-1-AN 95 95 96
D001-2-BN 103 101 100 D004-2-BN 95 94 95
D001-3-BL 122 122 121 D004-3-BR 76 74 76
D001-4-BR 68 68 68 D004-4-BL 112 112 111
D002-1-AN 75 76 77 D005-1-AN 72 75 72
D002-2-BN 67 72 70 D005-2-BN 73 73 73
D002-3-BL 97 97 97 D005-3-BR 64 35 56
D002-4-BR 54 44 50 D005-4-BL 107 102 104
D003-1-AN 79 78 79 D006-1-AN 82 80 78
D003-2-BN 71 76 78 D006-2-BN 76 76 78
D003-3-BR 59 59 58 D006-3-BR 54 50 53
D003-4-BL 97 99 100 D006-4-BL 98 99 98

RMSE 7 3

Fig. 2. Example of the four pages written by writer D001, the first subject in the dataset. For each page only the first line is shown, manually cut out for the purpose of
illustration.
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Algorithm 1. AF: Compute the slant angle using the angle-
frequency approach. INPUT: image I. OUTPUT: slant angle a

h empty_histogram()

for all pixel p in I do
if criterion(p) then

a local_angle(p)
h.add(a)

end if
end for
return best_freq(h) {maximum or mode}

RS is based on the assumption that the projection of dark pixels
is maximal along an axis parallel to the slant angle. The basic prin-
ciple is to repeatedly shear images of individual text lines, varying
the shear angle, and optimizing a criterion on the vertical projection
of dark pixels (Kavallieratou et al., 2001; Vinciarelli and Luettin,
2001). Such a criterion involves the maximization of peaks in the
projection. The range of shear angles extends to hypothetical ex-
treme slant angles such as 30�� � �150�. This approach is shown in
Algorithm 2. It requires that the text has been split into individual
text lines, which can be done by using smoothed projection histo-
grams if the text lines do not overlap much. Obviously, RS is much
slower than AF, but that is of no importance for this experiment.

Algorithm 2. RS: Compute the slant angle using the repeated-
shearing approach. INPUT: image I. OUTPUT: slant angle a

a empty_list()
for all textline Li in I do

s* = 0 for all a in 30�� � �150� do
p ver _project_ink(shear(L,a))
s score(p)
if s > s* then

s* s
ai a

end if
end for

end for
return median(a)
To determine a usable technique for slant estimation, a limited

comparison of implementations of AF and RS was performed. AF
was implemented by calculating the angle at near-straight parts
of the ink boundary and yielding the mode of the smoothed histo-
gram; RS was implemented with an algorithm that maximized the
density of the 10 highest peaks in the vertical projection histogram
of each text line. For testing purposes, ground truth data for the
first 24 pages of the dataset was generated by averaging 10 man-
ually measured downstroke angles per page; these were compared
to the angle estimations of the automatic methods. Table 1 shows
that the angles computed with RS are closer to the ground truth,
although this difference is not significant at the 5% confidence le-
vel (t =�1.12; determined using the one-sample t -test: t ¼ �x

s=
ffiffi
n
p ,

where n = 24, �x is the average of xi, which are the differences of
squared errors, and s is the standard deviation of x). Still, in the fol-
lowing experiments, RS was used to automatically determine the
slant angle.
4. Feature extraction and comparison

The effect of slant on features of handwriting was evaluated
using three well-performing automatic features. These features
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Fig. 3. Distribution of distances between documents with natural handwriting, based on the Directions feature. The continuous (green) curve represents Ds, distances
between documents written by the same writer; the dashed (red) curve represents Dd, distances between documents by different writers. The two classes can be separated
quite easily, either without (a) or with (b) slant elimination. For visualization purposes, the vertical axis is on log scale and the distributions were rendered smooth using
Parzen windowing. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)
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will be briefly introduced below; refer to the respective papers for
the details.

� The Directions feature (Bulacu and Schomaker, 2003) (p(/)) is a
probability distribution (p.d.) of ink directions at the contours.
This encodes slant and direction usage.
� The Fraglets feature (Schomaker et al., 2004) (p(g), also named

‘‘fCO3’’) is a p.d. of usage of graphemes (fragments of handwrit-
ing) from a precomputed code book. This encodes allograph
usage. Fraglets is one of the best features currently available.
� The Hinge feature (Bulacu and Schomaker, 2007) (p(/1,/2)) is a

p.d. of angle combinations that are measured on the boundaries
of the ink. This encodes slant and curvature. It is also one of the
best features available.

The distance d(�,�) between any two feature vectors v and w was
computed with the v2 distance measure (Cha, 2007):

dðv;wÞ ¼
Xjvj

i¼1

ðvi �wiÞ2

vi þwi
ð1Þ

where i is an index to the elements of v and w. This distance mea-
sure emphasizes differences in small feature values. It was used for
this experiment because it is specifically effective on feature vectors
that represent a probability distribution (Schomaker and Bulacu,
2004), such as the three features described above. In the following,
d(P,Q) will denote the distance between the feature vectors of the
images P and Q.

5. Experiment 1: information in slant

The first experiment focused on determining how informative
the slant value in natural handwriting is. This was determined by
computing the performance of writer verification on unmodified
handwriting (denoted ‘AN vs BN’), and comparing it to the perfor-
mance on handwriting of which the slant was eliminated (‘AN vs
BN, elim.’). This is explained in the next subsections.

5.1. Unmodified handwriting

For the performance on unmodified handwriting, documents
were drawn from the dataset in pairs: one was drawn from the
AN subset, the other from BN. After computing the distance be-
tween their feature vectors using one of the methods described in
Section 4, two cases were distinguished: the documents were writ-
ten by the same person, or by different persons. The same-writer
distances formed a multiset of distances Ds and the different-writer
distances formed the multiset Dd. Thus, Ds and Dd are defined as
follows:

Ds ¼ 8i :: dðANi;BNiÞf g; ð2Þ
Dd ¼ 8i; j : i – j : d ANi;BNj

� �� �
: ð3Þ

Fig. 3 shows an example of Ds and Dd, visualized as distributions.
Based on these multisets of distances, a writer verification clas-

sifier was implemented by setting a threshold. The position of the
threshold determines the trade-off between Type-I error rate (false
accept rate; falsely assigning two pages to the same writer) and the
Type-II error rate (false reject rate; falsely assigning two pages to
different writers). It was put on the position where the Type-I error
rate was equal to the Type-II error rate, or the equal-error rate
(EER). The performance was estimated by 100% � (1�EER).

5.2. Slant-eliminated handwriting

To determine the contribution of slant to writer-specific fea-
tures, the experiment was repeated after applying slant elimination
on all pages: shearing the text such that its apparent slant becomes
equal to 90�. It is a standard step in handwriting recognition sys-
tems, which use it to optimize recognition of the textual contents
(Bertolami et al., 2007; Kavallieratou et al., 2001). It has also been
called ‘‘deslanting’’, ‘‘slant removal’’, and ‘‘slant correction’’. In this
way, the absolute slant information is lost. Slant elimination E(�)
can be expressed as follows:

EðPÞ ¼ shear P;90� � aðPÞð Þ; ð4Þ

where shear (P,a) is the image processing operation that shears a
page image P with a degrees and a(P) denotes the slant angle of
the handwriting in P. a(P) was estimated by the RS algorithm de-
scribed in Section 3. Fig. 4 shows partial examples of slant-elimi-
nated pages. Using slant elimination, the new definition of Ds and
Dd is:

Ds ¼ 8i :: dðEðANiÞ; EðBNiÞÞf g; ð5Þ
Dd ¼ 8i; j : i – j : dðEðANiÞ; EðBNjÞÞ

� �
: ð6Þ

The resulting performance 100% � (1�EER) will be denoted ‘AN vs
BN, elim.’

Notice that the pages were sheared entirely. An alternative op-
tion is to shear text lines or words individually, but this is less reli-
able and breaks ink traces at region boundaries. It is also possible
to eliminate slant non-uniformly within each text line, but this
seems to add little or no improvement, despite the added complex-
ity (Bertolami et al., 2007). The page-level approach is simple, fast
and keeps the signal structurally intact.
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Fig. 4. Slant elimination in four pages by three writers; only the first text line of each page is shown. For each writer, four example text lines are shown: AN0i , BN0i , BL0i and BR0i .
These are transformed images, obtained by executing slant elimination on the original pages. The originals written by subject D001 are shown in Fig. 2.

Table 2
Decrease of performance after slant elimination. Writer verification performance for
three different features as the percentage of correct classifications. The value of slant
seems very limited: only the Directions feature suffered somewhat, while the
performances of the other features did not decrease significantly.

Subsets Directions Fraglets Hinge

AN vs BN 97 100 99
AN vs BN, elim. 92 99 98
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5.3. Results

The results of Experiment 1 are shown in Table 2. The first row
shows performances of the three features on natural handwriting,
‘AN vs BN’. The performances of all features are 97% or higher,
which confirms the high power of these features. These perfor-
mances have an optimistic bias since they were not obtained on
a separate test set, but the absolute performance is not relevant
here. The second line of the table, where slant elimination was ap-
plied, shows a slight decrease of performance: for the Directions
feature, it decreased with 5 percentage points. This is significant
(p� 0.001, determined using the v2 test on the contingency table
shown in Table 3) but small. The performance of the other features
decreased with only 1 percentage point, a non-significant
difference.
5.4. Discussion

Contrary to common assumptions, the results of Experiment 1
show that slant is not an important aspect of writer-specific fea-
tures. Slant elimination did not significantly affect Fraglets and



Table 3
Comparison of writer verification classifications using the Directions feature on
natural handwriting in two conditions: with and without slant elimination. This
contingency table elaborates on the found differences of performance shown in Table
2. The off-diagonal entries show the number of unequal classifications in the two
conditions. In this case, the difference of the classifications in the two conditions is
significant (p� 0.001,v2 test of significance on this table); the Directions feature
significantly performs slightly worse after slant elimination. The other features do not
show a significant effect.

Slant eliminated (‘AN vs BN, elim.’)

Correct Wrong

Original Correct 2015 145
(‘AN vs BN’) Wrong 6 43
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Hinge, while the performance of Directions decreased with only
5%. The latter relies heavily on angular information; it is a
Fig. 5. Slant correction. For each of three writers, four example text lines are shown:
correcting BN, BL and BR, respectively, with their slant matching that of the first line (A
distribution of angles in which the position of the mode (peak)
indicates the average slant angle. The small decrease in its perfor-
mance shows that the shape of the distribution is more important
than its position. This also indicates that the shear transform can
be used to counter slant changes in disguised handwriting. How-
ever, the next experiment shows that this is not completely
effective.
6. Experiment 2: is deliberate slant change an affine transform?

The aim of the second experiment is to determine whether
deliberate slant change is functionally equivalent to a simple affine
transform: shear. In this experiment, apart from natural handwrit-
ing (BN), the disguised handwriting (BL, BR) from the dataset was
included as well. Thus the experiment was performed three times,
each time comparing documents from AN with those from either
ANi;BN00i ;BL00i and BR00i . The latter three are transformed images, obtained by slant-
N).
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Fig. 6. Distribution of distances between documents with natural and slanted handwriting, based on the Fraglets feature. The continuous (green) curve represents Ds,
distances between documents written by the same writer; the dashed (red) curve represents Dd, distances between documents by different writers. In the case of unmodified
natural handwriting (a), the two classes can be separated easily. This changes when the writers disguise their handwriting by a slant change to the left (c). This is partly solved
by slant correction (d), which does little harm to natural handwriting (b). For visualization purposes, the vertical axis is linear and the distributions were rendered smooth
using Parzen windowing. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)

Table 4
Quantitative effect of slant manipulation on three writer-specific features. Writer
verification performance on original images (first three lines) and slant-corrected
images (last three lines). Percentages of correct classifications.

Subsets Directions Fraglets Hinge

AN vs BN 97 100 99
AN vs BL 57 68 62
AN vs BR 53 66 57

AN vs BN, corr. 92 99 99
AN vs BL, corr. 64 86 75
AN vs BR, corr. 66 90 72
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BN, BL or BR. Furthermore, in an attempt to restore the handwrit-
ing, slant correction was used instead of slant elimination. This is
explained into more detail in the next subsections.

6.1. Unmodified handwriting

The baseline performance for this experiment was computed
similar to Experiment 1 (see Section 5.1). However, this time three
baseline performances were computed: ‘AN vs BN’, ‘AN vs BL’ and
‘AN vs BR’.

6.2. Slant-corrected handwriting

In this experiment, the hypothesis is tested whether deliberate
slant change is functionally a shear transform. If this is true then
the manipulated handwriting can be transformed back to natural
handwriting by shearing it such that the apparent slant becomes
equal to the writer’s natural slant angle. We define slant correction
C(�, �) as follows:

CðP;QÞ ¼ shearðP; aðQÞ � aðPÞÞ: ð7Þ

It is quite similar to slant elimination, but this approach attempts to
restore the original handwriting. It can be used if the handwriting in
Q is known to be genuine but P may have been disguised by slant
manipulation. This is illustrated in Fig. 5, which shows fragments
of pages after slant correction.

In this condition, the distances were computed as follows:

Ds ¼ 8i :: dðANi;CðBi;ANiÞÞf g; ð8Þ
Dd ¼ 8i; j : i – j : dðANi; CðBj;ANiÞÞ

� �
; ð9Þ

where B is either BN, BL or BR. Examples of the distributions of Ds

and Dd are visualized in Fig. 6. The resulting performances are de-
noted ‘AN vs BN, corr.’, ‘AN vs BL, corr.’ and ‘AN vs BR, corr.’ If the
hypothesis is true, then these performances should be equal to
the performance on natural handwriting (’AN vs BN’).
6.3. Results

The results of Experiment 2 are shown in Table 4. The first row
is a copy of the first row in Table 2. The best writer verification is
obtained on natural handwriting (‘AN vs BN’): for the tested fea-
tures, performances are in the range 97–100%. The performances
on natural vs slanted handwriting (‘AN vs BL’ and ‘AN vs BR’) are
obviously lower: a drop to 53–68%. These figures are all signifi-
cantly differing from the corresponding performances on natural
handwriting (v2 test,p� 0.001). ‘‘Correcting’’ the slant in natural
text, which should not need correction (‘AN vs BN, corr’), had only
little negative influence on writer verification: Hinge and Fraglets
remained stable, but the performance of the Directions feature
dropped from 97% to 92% because it relies more on absolute slant
information. But the most important result is that the performance
on slant-corrected, slanted handwriting (‘AN vs BL, corr’ and ‘AN vs
BR, corr’) is significantly lower than the performance on natural
handwriting (p� 0.001); the figures are only in the range 64–90%.
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Fig. 7. Effectiveness of correcting deliberate slant change in handwriting; the key is in Fig. 8. Verification error plots for three features. The curves show the trade-off of the
Type-I error rate on the horizontal axis and Type-II error on the vertical axis. The performances reported in Table 4 appear as the intersections of the curves with the
diagonals. The more a curve approaches the lower left corner, the better the performance. Since Fraglets and Hinge perform 99–100% on natural handwriting (‘AN vs BN’) and
on natural handwriting after correction (‘AN vs BN, corr’), the corresponding curves are in the lower-left corner of the figure and cannot be discerned. The graphs show a
consistent increase of performance after correcting slant, but it does not get as good as on natural handwriting.
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The reported performances focus on the equal-error rate (EER),
where the Type-I and Type-II error rates are equal. To explore the
trade-off between the Type-I and Type-II error into more detail,
Fig. 7 shows the errors as a result of varying the classification
threshold. In the graphs, the EER values can be found at the inter-
section of any curve with the diagonal (shown as a dashed gray
line. The key of Fig. 7 is in Fig. 8).
Fig. 8. Key for Fig. 7.
6.4. Discussion

The results of Experiment 2 show that handwriting disguise by
changing slant lowers writer verification performance, if no correc-
tion is applied. This is obvious, but the effect is not the same on all
tested features: the Fraglets feature seems to be most resilient
against disguise by slant manipulation. After automatically cor-
recting the slant with a shear operator, the performance improved
for all tested features, which means that the distortion caused by
slant change can be partly undone by slant correction. This result
suggests to apply slant correction always before handwriting
comparison takes place. The best performing feature after slant
correction was Fraglets. But in spite of the improved performance,
correcting the slant in slanted handwriting did not restore writer
verification performance fully for any feature. This means that
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using the shear transform is not a complete solution against the
problem of slant manipulation in disguised handwriting. In other
words, slant correction did not result in the original handwriting,
thus deliberate slant change is not functionally equivalent to the
affine transform which is the shear operation.

This raises the question what else changes in the handwriting
during slant change. We know that disguise is usually inconsistent
(Harris, 1953; Koppenhaver, 2007; Morris, 2000), thus a greater
variation of slant is expected. This is confirmed by the observation
that Hinge and particularly Directions, which heavily rely on slant
information, suffered most from the slant manipulation. Further-
more, a non-habitual movement of the finger-wrist motor system
probably introduces artifacts. However, the dataset is not extensive
enough for a conclusive analysis. Therefore, we suggest a follow-up
study with more data, in which the corrected handwriting is thor-
oughly analyzed by forensic experts.

A further improvement would be to automatically detect dis-
guise and decide if slant correction should be applied. Forensic ex-
perts try to detect disguise based on experience, but to the best of
our knowledge, automatic methods to detect disguise do not exist
yet. In one study, a method has been devised to approach the re-
lated problem of forgery detection (Cha and Tappert, 2002). It ex-
ploits the fact that forged handwriting is often less fluently
written; this principle may be applicable to disguise detection as
well. In addition, we suggest to exploit the aspect of inconsistency,
as it is known to be an important indicator.

Another challenge for the future is to develop features that are
invariant to disguise. A new direction might be to make features
that determine the way the letters are constructed, mimicking an
approach used by forensic document examiners.
7. Conclusion

Slant is a salient feature of handwriting and it is an important
factor of state-of-the-art features, but as an isolated factor, it is
not essential for good writer verification performance. It is not as
informative for handwriting comparison as is usually assumed.
This was found in a series of writer verification experiments using
three state-of-the-art statistical features: Directions, Fraglets, and
Hinge. Removing the absolute slant lowered writer verification
performance by only 1–5 percentage points.

In disguised handwriting, slant is not valuable and possibly
deceptive because it is subject to deliberate modification. When
a non-habitual slant angle is applied during writing, performance
of the features obviously decreased. However, correcting the hand-
writing by shearing it to obtain a natural slant value did not restore
performance fully. Thus, disguise by slant change has more effect
on the handwriting than just a shear effect, and the shear trans-
form is not a complete solution against it. However, it is useful
as a partial solution: slant correction did improve performance
on disguised handwriting. Since slant is not an important aspect
of handwriting, all possibly disguised handwriting can and should
be sheared to match the specimen handwriting. This may be an
essential step in biometric systems and manual comparisons as
well.
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